Unemployment swings have distributional consequences if some groups are hit harder than others. We examine if the sensitivity to local unemployment rates varies by characteristics such as health, cognitive ability and non-cognitive ability. Data on these variables come from registers covering the entire Swedish population of males. We show that variations in the unemployment rate are associated with larger variations for those with poor health or with a low non-cognitive ability. This pattern is found both among young and older individuals. The employment of the lower-educated also varies more with variations in the unemployment rate, but only among younger workers. JEL codes: I10; J24; J31; E32.
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Introduction
Economists have long been interested in what factors determine an individual's success in the labor market, such as the ability to find a job. Whereas older research has often focused on education, recent literature has shown the importance of health, cognitive ability and non-cognitive abilities (e.g., Heckman et al. 2006; Currie et al. 2010; Lindqvist and Vestman 2011; Lundborg et al. 2014a) . In this paper, we examine if those with poor health and abilities face a "double penalty" in the sense that they are not only less likely to be employed in general, but their probability of employment is also more sensitive to the unemployment rate. In the presence of such a phenomenon, career and life planning becomes more difficult for disadvantaged individuals and they incur utility losses given that they are risk averse. 1 Down the road, individuals with a heavily fluctuating employment status may lose human capital and suffer long-term consequences. Policy-makers may want to compensate or invest in individuals that are more sensitive to unemployment, or alternatively, reduce aggregate fluctuations by stabilization policies.
Going back to Tobin (1972) , a number of authors have noted that unemployment has distributional consequences along some dimensions. An increase in unemployment is obviously associated with fewer hirings and/or more layoffs, but there is also evidence of a second-order effect; some groups of individuals are hit more by unemployment than others. So far, research has documented the differential effects of the unemployment rate by characteristics such as age, race, sex and education. While other characteristics such as cognition and social skills may be equally or even more important for labor market success, data on these are rarely available and studies have not considered unemployment sensitivity with respect to these.
In particular, previous studies have documented that low-educated individuals are more sensitive to the unemployment rate than higher educated individuals. The mechanisms behind this are not entirely clear. It is possible that the effects partly arise because of underlying differences in abilities correlated with education. This would seem reasonable as more able individuals often undertake more education than less able ones. It is also possible that results reflect the sorting of individuals into jobs with different characteristics. Our study is able to address these issues.
Our study uses a dataset from Sweden with several advantages. First, it includes highquality data on predetermined individual characteristics of virtually the entire population (of males). It is an important feature of these data that both health and skills are measured before labor market entry because it means that reverse causality is not an issue. Second, the data have been linked to tax records to determine whether or not individuals are employed (at some point) during a certain year. Third, we have data on regional unemployment for several years and we can control for both region-and year-specific effects that may be correlated with the unemployment rate. Fourth, we are able to identify individuals that move in order to examine if the results may be driven by mobility patterns.
Sweden has much stronger employment protection legislation than countries such as the U.S. and the U.K. (e.g., Nicoletti, et al. 1999) , and we would therefore expect the sensitivity of groups that are disadvantaged, in terms of health or skills, to be smaller in our context. After working for the same employer for more than 2 years, the employee typically has the right to be offered a permanent contract. This means that middle-aged and older workers tend to have a stronger employment protection than the young, and we may expect effects to be concentrated in the group of young workers.
Our findings consistently suggest that individuals in poor health or with low noncognitive skills exhibit greater variations in their employment probability as the unemployment rate varies. The penalty is non-linear in the sense that the effects are much larger for individuals in poor health or with lower skills than for individuals with intermediate health and skills. Running our regressions for different age groups separately, we show that our results are not only driven by the group of younger workers. In other words, the effects do not only operate at labor market entry.
The rest of the paper is organized as follows. Section 2 provides a background discussion and an overview of the relevant literature. Section 3 describes the data and Section 4 lays out the empirical model. In Section 5, we present the results, and Section 6 concludes.
Background
Our work relates to three different branches of the literature. First, there is a growing amount of literature showing the importance of various dimensions of skills for labor market success. As surveyed by Card (1999) , many decades of research have documented a positive association between educational attainment and outcomes such as wages and employment. More recently, much evidence has accumulated to suggest that cognitive and non-cognitive abilities (e.g., Heckman et al. 2006; Cebi 2007; Heineck and Anger 2010) and health (e.g., Smith 1999; Almond and Currie 2011 ) may be at least as important in determining an individual's success in the labor market. Lindqvist and Vestman (2011) used data on cognitive and non-cognitive abilities from the Swedish military enlistment records.
When compared to cognitive ability, non-cognitive ability at the age of 18 was found to have much stronger effects on subsequent labor force participation and earnings at the lower end of the distribution. Using the same data source, Lundborg et al. (2014a) showed that many different health problems, as well as overall health, as determined at military enlistment had strong impacts on labor market outcomes such as earnings in middle adulthood. These effects were only partly explained by differences in cognitive and non-cognitive ability.
There is evidence that the labor market outcomes following the onset of sickness or disability vary by individual characteristics such as socioeconomics. Charles (2003) showed that earnings losses due to (self-reported) disability were larger among older, non-white and less educated workers and that for these groups earnings recovery was weaker as well. Using hospital data from Sweden, Lundborg et al. (2011) also documented that earnings losses due to health shocks were more pronounced among the low-educated, that among young workers these differences between the low-and the high-educated decreased over time, and that among older workers these differences instead increased over time. In sum, poor health appears to interact with socioeconomics, age and other characteristics in such a way as to produce adverse outcomes especially among the disadvantaged.
Second, studies have documented the effects of business cycles or unemployment on a range of outcomes. Some of these have asked if events such as recessions or job displacements affect health outcomes (Ruhm 2000; Sullivan and von Wachter 2009; Stillman and Thomas 2008; Currie and Tekin 2011) . Other studies, such as Kletzer (1998) and Carneiro and Portugal (2006) , have considered the long-run earnings effects of job displacements. Studies including Heckman and Borjas (1980) , Raaum and Røed (2006) ; Eriksson and Rooth (2014) have tried to get at the question of whether past unemployment affects the probability of being hired, so called scarring effects. On the whole, this branch of literature has suggested that unemployment can have quite significant effects on individual outcomes in both the short and long run.
Both the risk of being displaced and the consequences of being displaced have been found to vary by individual characteristics. For example, Madden (1988 ), Farber (1993 , Kletzer (1998) have documented that the low-educated are more likely to experience job loss, whereas studies including Farber (1993) , Stevens (1997 ), Farber (2003 , provide evidence that re-employment probabilities are lower and that earnings losses are larger among the lower educated. Men appear to be more likely to lose jobs than women (e.g., Seitchik 1991), but there is mixed evidence as to whether there is a sex-difference in labor market outcomes after displacement (Madden 1988; Jacobson et al. 1993; Couch et al. 2009 ). It has also been documented that subsequent labor market outcomes are worse for older displaced workers (Couch et al. 2009; Couch and Placzek 2010) , that effects vary by industry (Jacobson et al. 1993; Couch et al. 2009; Couch and Placzek 2010) , and that the long-term effects on earnings depend on the state of the business cycle at the time of displacement (Couch et al. 2011) .
Third and finally, there is a literature examining how different groups fare depending on the state of the labor market. Much of this literature has shown that individuals in lowerskilled or otherwise disadvantaged groups are more sensitive to labor market conditions. In one of the earliest studies in the area, Clark and Summers (1981) looked at employment probabilities in different groups, as defined by age, sex and race. They showed that teenage workers bore a much larger share of cyclical fluctuations in the US during the 1970s. Among men, the response of teenagers to the unemployment rate was about four times as large as that of the middle-aged. The employment probability of elderly men (those above 65) was also elevated, whereas the response of those between 20 and 64 was very similar all across all ages. There was evidence of a larger sensitivity among non-whites than among whites, but no consistent differences between men and women.
Several studies have exploited differences between regions (e.g., metropolitan statistical areas, MSAs) when studying differential labor market outcomes for demographic groups. For example, Bound and Holzer (1995) found stronger effects for less-educated, lessexperienced and black men in the 1980s when considering MSA-level labor market prospects in the US, using both average hours and wages as outcomes. The results were similar for both men and women. Bartik (1996) focused on the distributional and poverty effects of labor market changes and also found larger effects for young less-educated men, with similar effects for blacks and whites, as well as for men and women.
Hoynes (2000) and Hines et al. (2001) used MSA-level US data between 1975 and the late 90s to compare employment, hours and income, for different skill groups over the business cycle. The skill groups considered were defined by sex, race and educational level. Much in line with previous studies, they found that low skill groups were more affected by economic fluctuations. For example, the employment probability of those with high school or less than high school education responded twice as much to the unemployment rate as those with some college education. College graduates were not significantly affected by the unemployment rate. Hoynes et al. (2012) also used more recent data including the great recession between 2007 and 2009. The results confirmed that non-white, youth and low-educated, experienced larger employment fluctuations over the business cycle. They also found that men were more affected by the unemployment rate than women. Effects by age were non-linear; they were much larger for individuals between 16 and 20 years of age, but relatively similar for 25 year olds and for 60 year olds. The authors noted that "these dramatic differences in the cyclicality across demographic groups are remarkably stable across three decades of time and across recessionary periods versus expansionary periods." 2, 3 3 Data Our dataset was constructed by combining registers from Statistics Sweden (SCB) and military enlistment records from the Swedish National Service Administration (NSA). These are roughly the same data as those used by Lindqvist and Vestman (2011) and by Lundborg et al. (2014a) . 4 The data include all individuals that enlisted for the Swedish army between 1969 and 1997 and that were born between 1950 and 1979. Since males were obliged by law to undergo the military enlistment procedure during the time period we are studying, our data essentially include all Swedish men. In these years, only about 3% of each cohort did not enlist. Individuals that were exempt from enlisting included prisoners, individuals convicted of heavy crimes, institutionalized individuals and individuals living abroad. 5 Military education usually lasted for less than a year and took place between the ages of 18 and 26.
The military enlistment records include extensive information on health and abilities of conscripts at the time of enlistment. In particular, the NSA indicated each conscript's overall health status on an alphabetic scale, which had the purpose of determining the individual's suitability with respect to the type of military service; please see Table 1 for detailed information on the determination of the letter indicating overall health. The assignment of this variable was based on a health declaration form that the individual had to bring with him, combined with a general assessment by a physician. Before meeting with the physician, the individual also underwent a number of physical capacity tests and met with a psychologist who, if necessary, could provide the physician with notes regarding the individual's mental health status. 6 We classify individuals into three groups depending on their overall health status. Individuals that were assigned an "A" by the NSA (about 60%) are classified as having "good global health," whereas individuals that were assigned a "Y" or a "Z," meaning that they were not allowed to undergo military service, are classified as having "poor global health." Those assigned a letter worse than an "A" but better than a "Y" are classified as having "intermediate global health." 7 Cognitive ability is measured using written tests of logical, verbal, spatial and technical skills. On the basis of the test scores, the individual has been assigned a number on a nine-point scale, approximating a normal distribution. We classify individuals as having a "high cognitive ability" if this number ranges between seven and nine, as having an "intermediate cognitive ability" if this number ranges between four and six and as having a "low cognitive ability" if this number ranges between one and three.
Non-cognitive ability is measured on a similar nine-step scale. This score is assigned by a psychologist, based on a semi-structured interview, with the objective "to assess the conscript's ability to cope with the psychological requirements of the military service and, in 
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Along each dimension, the conscript's health is rated on a scale of 1-8, where an 8 indicates no impairment. The table shows minimum requirements for different levels of overall health. A is required for "high mobility positions" such as rifleman, submarine positions and pilot; B combat vehicle and armed positions in general; C for some armed positions and tractor driver; D for armed positions with reduced requirements, radar seaman and airplane-weapon mechanic; E for safety technician, motor-electro mechanic, signal mechanic and some telegraphists; F for staff assistant, car mechanic, some motor mechanics, airplane-camera mechanic and armed positions in local defense units; G for mini technician and signal communications, radar and weather service; H for signal communications ashore; J for shoemaker and assistance in case of war; K for crypto assistant; L for enlistment assistant or other assistant; M for assistant in peacetime. Source: Försvarsmakten (1980) extreme case, war." In particular, this implies an assessment of individual characteristics such as willingness to assume responsibility, independence, outgoing character, persistence, emotional stability and power of initiative (Lindqvist and Vestman 2011) . Analogous to our treatment of cognitive ability, we classify individuals as having a "high non-cognitive ability," an "intermediate non-cognitive ability," or a "low non-cognitive ability," depending upon if their score falls between seven and nine, between four and six, or between one and three. From the registers, we have obtained individual-level data on education and earnings from work. 8 These data are bi-yearly and span the period between 1999 and 2007, which means that we observe outcomes for individuals that are between 20 and 57 years of age. As noted, health and skills are measured at the age of 18 or 19 so they do not depend on observed labor market outcomes. Educational attainment is expressed in terms of the highest degree attained, and we group individuals by whether they have primary education only, secondary education, or some tertiary education. 9 We classify individuals as being employed if they have positive income from work during the current year. Having no income from work is not synonymous with being unemployed at a specific point in time, but reflects the combination of individuals that are unable to find any employment during the entire year and individuals that are more or less voluntarily non-employed. We focus on this employment measure since it is less arbitrary than using some positive threshold and since the share of individuals with no income from work is relatively high. 10 We measure local labor market conditions by unemployment statistics from the Swedish Labor Market Board (Ams). These data refer to the number of unemployed working-age individuals (aged 16-64) in November of each year, divided by the population in the same age group. The geographical unit of observation is the local labor market region, as defined by Statistics Sweden and based on commuting patterns in 1999. There are 92 local labor market regions. 11 Our analysis uses all native male Swedes for which there is non-missing information on global health in the military enlistment records. This indicates that the individual actually underwent the military enlistment procedure. For cognitive ability, non-cognitive ability and education, we create dummies indicating the presence of missing information. Table 2 displays descriptive statistics for our main estimation sample. There are 1,121,138 individuals and as almost every individual is being observed five times with non-missing information on the local unemployment rate, our estimation sample includes 5,533,393 observations. The overall rate of employment is 88 and 78% of all observations and is associated with incomes of at least SEK 100,000. In addition to the means of the variables used, the table shows the employment probabilities for individuals belonging to the different health and skill categories. Individuals in good or intermediate health or with high or intermediate skills or education and employment probabilities are at least 90%. Whether an individual belongs to the top or intermediate group with respect to these outcomes makes relatively little difference for his employment probability. For individuals in poor health or with low skills, employment probabilities are only about 80%.
Empirical strategy
Our estimations are based on the following equation, where we cluster by labor market region. The outcome variable is an employment indicator (or, in some specifications, an indicator for having an income above some positive threshold) for individual i in year t. Y includes dummies for each year, R includes dummies for region, BY includes dummies for each birth year and A represents one or several indicators for health or skills, including indicators for missing information. The specifications are similar to the ones employed by previous studies such as Hoynes (2000) , Hoynes et al. (2012) , Biddle and Hamermesh (2013) . 12, 13 We also include a (standardized) linear birth year trend, interacted with the unemployment rate, to account for the possibility that different cohorts are affected differently by unemployment.
The coefficient b 3 measures the effect of the unemployment rate among those with good health and skills, whereas for individuals with worse health or lower skills, the effect of the unemployment rate is given by b 3 plus (some components of ) b 4 . Our primary interest lies in the interaction effects b 4 .
Since we include both year and region fixed effects, our empirical strategy exploits temporary deviations in unemployment from regional averages, as well as geographical deviations from national averages. National policies are thus of no concern, and permanently worse long-run public finances in regions with higher unemployment are accounted for. 14 In Fig. 1 , we illustrate the evolution of the local unemployment rates in Sweden over the time period of study. The median unemployment rate is relatively stable at around 6% over the time period. Although the local unemployment rates tend to be rather close to the median, there are also regions with considerably lower or higher unemployment rates; the minimum unemployment rates are about 2 to 3%, whereas the maximum rates range between 9 and 15%. Standard errors are clustered at the regional level and are displayed in parentheses a 5% significance, b indicates 10% significance and c 1% significance percentage point lower probability of being employed (that is, receiving income from work) during a year. As expected, the coefficient is lower than one, as unemployment typically lasts for less than a year. 15 In column B, we include interactions with the health categories. We find that individuals in worse health are more sensitive to the unemployment rate. The main effect of unemployment shows that the employment probability for individuals in good health decreases by about 0.2 percentage points per percentage point increase in unemployment, but the main effect is, as will also be the case in the rest of the analysis, not statistically significant. This is in line with Hines et al. (2001) , who found no significant effect of the unemployment rate on the most advantaged individuals (in their case, college graduates). For individuals in intermediate health, there is an additional penalty of 0.1, whereas for individuals in poor health, the estimate suggests an additional penalty of almost 0.4 percentage points. 16 Column C examines differential impacts by cognitive and non-cognitive ability. There is little evidence of differential effects by cognitive ability. Instead, our results suggest an additional penalty amounting to a 0.4 percentage point lower employment probability for individuals with a low non-cognitive ability.
Column D shows results for different educational groups. The point estimates for primary as well as secondary education are about −0.1, but they are not statistically significant. This contrasts with previous studies, such as Hines et al. (2001) and Hoynes et al. (2012) , who found a larger sensitivity to unemployment among the less educated in the US. Potentially, the insignificant results in the Swedish context could be attributed to the much stronger employment protection legislation, which makes it relatively hard for employers to lay off individuals simply because of a low productivity. If this explanation holds, one would suspect that the differences in responses by other characteristics (health and non-cognitive ability) could be even stronger in the US, a question for future research to determine.
Column E shows that results do not change much when all dimensions of health and skills are accounted for at the same time. For example, there is a large effect for poor health, which is similar to the one obtained before. The same is true for noncognitive ability, whereas there is little evidence that unemployment would have differential effects depending on individuals' cognitive skills or education. While our results pertain to somewhat different outcomes, these patterns are broadly in line with those of previous studies, suggesting that lower skilled individuals may be much more sensitive to local unemployment rates than high skilled ones. Moreover, we find indicative evidence of non-linear effects, suggesting that those with low skills are hit harder than those with high skills, whereas there is little or no difference between high-skilled and medium-skilled individuals. Hoynes et al. (2012) documented such a non-linear pattern for age (but not for education). Table 4 reproduces our above results, but removes the region-specific effects in order to potentially increase variation. The main effects of unemployment now become significant in several cases. We again find significant unemployment penalties for individuals with poor health or a low non-cognitive ability, and the effects are somewhat stronger than those obtained when accounting for region effects. There is also significant evidence that individuals with a medium non-cognitive ability are more affected by the unemployment rate than the baseline group. 17
Alternative employment thresholds
Defining employment as having a positive income in a year is a weak criterion because some individuals with a positive income may only work for a small part of the year or may be part-time unemployed. We consider here alternative specifications where the outcome variable is an indicator taking the value of one when individuals have an annual income exceeding some higher amount. We use thresholds up to SEK 100, 000, deflated to 1999. 18 Results are shown in Table 5 .
Interestingly, the result for health only shows up at the most conservative threshold of SEK 0. For higher thresholds, the interaction between poor health and unemployment becomes insignificant and approaches zero. Clearly, a high unemployment rate mostly affects sickly individuals by leaving them without employment throughout the year.
The result for non-cognitive ability is found throughout, but is somewhat weaker at the lowest margin. Moreover, at all thresholds, except for the lowest one, there is evidence that individuals with a medium non-cognitive ability are penalized by a higher unemployment rate. As before, there is no evidence of differential effects by educational attainment or cognitive ability.
In addition to studying employment or earnings above certain thresholds, it is of interest to study (log) earnings as an outcome. This measure captures a combination of hours worked and wages per hour, but the disadvantage is that we cannot distinguish between these two. There is also a selection issue since those with zero earnings are dropped, potentially leading to less significant results. Nevertheless, Table 6 shows results for this outcome. The earnings of those with a low cognitive ability or with a Standard errors are clustered at the regional level and are displayed in parentheses a 1% significance, b 5% significance and c indicates 10% significance medium or low non-cognitive ability are found to respond stronger to the unemployment rate.
Mobility
So far, we have assumed that the unemployment rate that an individual faces is exogenous and not determined by individual choices. This means that we have ignored the possibility of geographical mobility. Eliasson and Westerlund (2009) have shown that geographical mobility in Sweden has increased since the 1980s and that during the time period we study between 2 and 2.5% of the population moved to another local labor region every year. While these numbers are still relatively low, they show that the unemployment rates faced by individuals are not fully exogenous. The reasons why individuals move (within a country) are most likely diverse and include factors such as family formation and breakup, changing preferences and changing labor market opportunities. Individuals may move to another region because they have found, or expect to find, a more attractive job there (a "pull factor") or because they are not able to find an acceptable job in their current labor market region (a "push factor"). It is important to note that decisions to move are not necessarily well-informed and that some groups may have a hard time predicting where job opportunities are better. Several studies have documented, however, that mobility responds to employment opportunities and that (at least) individuals that are unemployed are more likely to move Standard errors are clustered at the regional level and are displayed in parentheses a indicates 10% significance, b 1% significance and c 5% significance to regions with better opportunities (e.g., Pissarides and Wadsworth 1989; Westerlund 1997; Eliasson and Westerlund 2009; Rabe and Taylor 2012) . If mobility responses differ between health and skill groups, some of our results could potentially be driven by differential mobility rather than by differential employment responses. Individuals with poor health or low skills may be less likely to move because they are more dependent on families and networks or because they face smaller economic incentives to take a job. If they actually do move to another location, their reliance on families and networks may still imply that they do not settle down in a region with a large supply of jobs. On the other hand, moving to another region may be thought of as a "search strategy of last resort," and in that case, disadvantaged individuals may be more likely to move (and to move to a low-unemployment region) in order to find an acceptable job.
In column A of Table 7 , we report results from regressions, which are similar to those used before, but the outcome variable has been replaced by an indicator taking the value of one if the individual moves in the subsequent time interval; that is, if the region of residence 2 years ahead in time differs from the current region of residence. 19 The results provide little evidence that mobility would react to unemployment; both the main effect of unemployment and all interactions but one (the one with medium non-cognitive ability) are The outcome variable in column A and B is an indicator taking the value one if the individual moves between the current and next time period (2 years later). In column C and D, the sample is restricted to movers and the outcome variable is a dummy taking the value one if the individual moves to a region with lower unemployment. Columns B and D do not account for region effects. Standard errors are clustered at the regional level and are displayed in parentheses a 1% significance, b indicates 10% significance and c 5% significance statistically insignificant. However, since precision is rather low, we also report results where region effects are not being accounted for; see column B. 20 These results suggest that a higher unemployment rate leads to more mobility and that individuals with lower cognitive abilities, with lower non-cognitive abilities, with a lower education and worse (or at least intermediate) health are, compared to the baseline group, less prone to move when the unemployment rate rises. This result is in line with Bound and Holzer (1995) , who found that the lower skilled (younger and less educated) individuals were less likely to respond to poor labor market prospects by moving. We also explore whether people move to more economically favorable areas. Here, we limit the sample to observations where the individual moves to another region between the current and next time period. In column C of Table 7 , the outcome variable is a dummy taking the value of one if the unemployment rate experienced in the next time period is lower than the one experienced in the current time period. When health and skills are good, we find that an increase in the local unemployment rate by one percentage point is associated with a 17 percentage point higher probability of moving to a region with a lower unemployment. Among the interactions, only one is significant, suggesting that those with intermediate health are somewhat less likely to move to a region with a lower unemployment rate. Dropping the region effects (column D), the main effect rises to 27 percentage points, and almost all interactions significantly suggest that the disadvantaged are somewhat less likely to move to regions where the unemployment rate is lower.
One should note that the results on the mobility decision may understate the true the effects in the presence of return migration. If individuals find labor market prospects to be poor in the current year, they may decide to temporarily move to another region and then return to their home region within 2 years. In this case, we would not observe them as movers. However, unemployment would be a choice variable and our estimates of the labor market consequences of unemployment would be potentially biased.
We then take two different approaches to deal with the possibility that some of our results are driven by mobility. First, in Table 8 , we report results for employment where we have excluded all individuals that moved to another labor market region during the time period from 1999 to 2007. This reduces the sample by about 15%. As it turns out, the results are similar to those obtained before. In particular, individuals in poor health or with a low non-cognitive ability have worse outcomes and the estimated effects are just slightly smaller than before.
Simply excluding individuals who moved over the time period of study could induce endogeneity problems if employment and mobility have common determinants. An alternative would be to exclude individuals based on some characteristic that is related to mobility but not directly related to employment. Our second approach to deal with the mobility issue is, therefore, to exclude individuals with a prior mobility experience. Previous literature (e.g., Da Vanzo 1983; Holmlund 1984; Westerlund and Wyzan 1995; Westerlund 1997) has suggested that individuals that move in one period are more likely to move in subsequent periods, which motivates this choice. Table 9 reports results where we excluded individuals not moving between their military enlistment and 1999. This restriction reduces the sample size by 24%. Results are again similar.
Accounting for occupations
If individuals choose occupations in a way that is related to their health and skills, our results could be due to differential employment variability between occupational groups. Hoynes et al. (2012) showed that their results for the 2007 recession were largely driven by the sorting of individuals into 30 industry-occupation cells. Our data does not include indicators for industry, but instead about 100 occupational categories. 21 We thus rerun our main analysis, controlling for occupations, their interactions with year dummies and their interactions with the unemployment rate. 22 Results are reported in Table 10 . 23 We find that accounting for occupation does not eliminate our results, as would have been the case if our findings were simply driven by disadvantaged individuals sorting into occupations that are more sensitive to the unemployment rate. Instead, our results tend to get stronger, suggesting that the net effects of a lower ability that were previously estimated arose from the combination a strong direct sensitivity to the unemployment rate and a sorting into occupations that are less sensitive to unemployment. In particular, all the four interactions between unemployment and cognitive or non-cognitive ability have now turned statistically significant.
Our results also suggest that individuals with less education are more sensitive to the unemployment rate once the sorting into occupations is accounted for. However, this is only the case when not accounting for abilities. The differential effects by educational attainment so much highlighted in the literature are clearly less important than those by the other characteristics that we examine. Standard errors are clustered at the regional level and are displayed in parentheses a 5% significance, b indicates 10% significance and c 1% significance
Results by age groups
We explore if results differ by age. In particular, one may suspect that the overall results would largely be driven by young individuals, given their weaker attachment to the labor market. Differential effects by age were documented by Hoynes et al. (2012) , whereas Clark and Summers (1981) found no such evidence in the age span of 20-64. None of these studies considered combinations of age and skill. Apart from their stronger labor market attachment, there is also another reason why results might be less pronounced for older individuals: Our measures of health, cognitive ability and non-cognitive ability are determined at the age 18, and these may be expected to be better indicators of current health, cognitive ability and noncognitive ability in young adulthood than at older ages. This may mostly be a concern for health and not so much for cognitive and non-cognitive abilities because studies have shown that the latter are relatively constant through adulthood (e.g., Cunha et al. 2006) .
In Table 11 , we run our main analysis on three non-overlapping age groups: individuals between 20 and 30 years of age, individuals between 31 and 41 and individuals aged 42 or older. Since results are relatively imprecise, we also show them without region-fixed effects and region interactions. However, estimates from models without region effects are often larger than their counterparts based on models including region effects, and it is possible that they are biased upwards. In particular, among the 15 instances where the estimate is significant according to at least one of the two models, the estimate is more negative according to the model without region effects in 12 cases. Standard errors are clustered at the regional level and are displayed in parentheses a 5% significance, b indicates 10% significance and c 1% significance Without region effects, the main effect of unemployment is significant only among young individuals, but including these effects the pattern reverses and it is only among the older that the main effect is found to be significant. Regarding the interactions with health and skills, we find the following results. First, there is evidence of higher unemployment sensitivity for individuals in poor health among both young and older individuals. But we do not obtain statistical significance for any age group when region effects are accounted for. There is also some evidence of a higher sensitivity to the unemployment rate among older individuals in intermediate health when not accounting for region effects.
Second, there is evidence of differential effects by cognitive ability in both the younger and middle-aged age group. This holds when accounting for region effects, but for the middle-aged, the coefficient has the unexpected sign. Third, individuals with a medium or with a low non-cognitive ability have larger unemployment sensitivity in all of the age groups in most specifications. Effects are not very dissimilar for the different age groups, and applying a t-test they are only statistically different in one case: when comparing the effect of having a medium non-cognitive ability among those aged 20-30 to the one among those aged 42 and older and accounting for region effects.
Fourth and finally, we find a large sensitivity among individuals with primary education in the group of young workers, but only when not accounting for region effects. For the oldest group, there is some evidence of a lower sensitivity. In sum, our results by age groups show several strong effects and they suggest that differential sensitivity to unemployment by health or non-cognitive skill group is not limited to individuals of a certain age. Standard errors are clustered at the regional level and are displayed in parentheses a 1% significance, b 5% significance and c indicates 10% significance 5.6 "More exogenous" unemployment rates
The local unemployment rate may stem from general supply and demand factors that are not affected by the individuals we study. It could also be the other way around however: Variation in local unemployment rates may be determined by men who belong to the cohorts we study and possess characteristics such as poor health or low non-cognitive skills. If this is the case, our results do not reflect heterogeneous responses to general supply and demand, but instead variations related to the supply and demand of certain groups of workers. We here try to deal with this by running the analysis using unemployment rates that are not based on individuals included in the sample but yet are correlated with the unemployment rates that these people are exposed to. First, in Table 12 , we use the youth unemployment rate (unemployment in the group of individuals aged 18-24) and restrict the sample to those aged 25 or older. We find that this does not eliminate our results. The response of individuals in poor health does become insignificant in the full model, but there is still evidence that individuals with a low non-cognitive ability have worse outcomes when unemployment is higher. There is also evidence that this is the case for those with a low cognitive ability.
Second, in Table 13 , we use the female unemployment rate rather than the overall one. Again, the results for non-cognitive ability are not eliminated, although poor health is again not statistically significant in the full model. While factors specifically affecting men (or those aged 25 or more) with a low non-cognitive ability may of course also be related to factors affecting women (or youths), our findings provide an Standard errors are clustered at the regional level and are displayed in parentheses a 5% significance, b indicates 10% significance and c 1% significance indication that individuals with lower non-cognitive ability and perhaps in worse health are, in fact, more affected by the general state of the labor market.
Conclusion
Using a comprehensive dataset of Swedish males, this study examined if the relationship between the local unemployment rate and individuals' labor market outcomes varies by predetermined characteristics such as health and abilities. Our findings consistently suggest that individuals in poor health or with a low non-cognitive ability are more affected by variations in the unemployment rate. Some models, such as the ones accounting for occupations, also indicated that lower educated and those with a low cognitive ability are more sensitive to the unemployment rate. Our findings have implications for policy because they show that economic fluctuations have distributional consequences, as they impose risks on people with certain characteristics. Given our results, in poor economic times, policy makers may want to target their efforts particularly at individuals that are disadvantaged in terms of health or non-cognitive abilities. Moreover, the results provide another reason to invest in the health and skills of young individuals.
There are a few limitations of our study. First, we were only able to consider men. Since women have a weaker attachment to the labor market in general, their responses to the unemployment rate and its interactions with health and skills may be quite different from that of males. Second, the number of time periods in our data was small Standard errors are clustered at the regional level and are displayed in parentheses a indicates 10% significance, b 5% significance and c 1% significance (only five), and we were not able to include years of large business cycle swings. Studies using more observations over time would be able to exploit larger variations in unemployment rates, and they could look into the effects of more specific aspects of health and abilities, as well as long-term effects.
Endnotes 1 Notable work on welfare losses due to business cycles includes Lucas (1987) , Krusell and Smith (1999) and Galí et al. (2007) . 2 In a more descriptive exercise, Edin et al. (2000) documented that lower-skilled youths in Sweden experienced a larger increase in unemployment than did higherskilled youths around the time of the recession during the early 90s. 3 Another literature related to ours has shown that immigrants are more sensitive to local unemployment and has pointed to the importance of favorable labor market conditions for assimilation (e.g., Barth et al. 2004; Bratsberg et al. 2006 Bratsberg et al. , 2010 Åslund and Rooth 2007) . 4 They also used the same registers in, for example, Lundborg et al. (2014b) . 5 Early in data period, males were typically called to undergo the military enlistment procedure the year they turned 19, whereas in later years it most often took place the year the individual turned 18. 6 Any health problem, present or historic, that may interfere with the individual's ability to undergo military service is supposed to be reflected in our measure of overall health status. The individual had to bring any doctor's certificate, health record, drug Standard errors are clustered at the regional level and are displayed in parentheses a indicates 10% significance, b 5% significance and c 1% significance prescription, or similar to the NSA proving that he actually suffered from the conditions he reported in his health declaration. 7 We do not have information on when (or if) specific individuals actually underwent military education. However, we can observe if individuals were employed by the military after finishing their military education. These individuals comprise less than 1% of the population, and our results are not sensitive to their exclusion. 8 Government benefits (such as unemployment benefits, sick leave benefits, or benefits obtained in association with military education) are not included. 9 We cannot observe whether individuals are currently enrolled in education. Individuals undergoing education are less likely to work and may therefore be less affected by the unemployment rate. On the other hand, their weaker attachment to the labor market may also make them more sensitive to the unemployment rate. We have tried dropping individuals with a different level of final education in the year of observation and in 2007, and this made little difference for our results. 10 Indeed, laid-off individuals that are able to quickly find new employment are classified as employed according to our definition. These individuals may be laid-off due to low productivity but are able to find new employment by hiding their low productivity from prospective employers. For example, unless the recruitment involves an IQ test, a low cognitive ability may be possible to hide, and as a result individuals with a low cognitive ability may only experience rather short unemployment spells. In line with this, Lindqvist and Vestman (2011) documented that non-cognitive, but not cognitive ability, predicted the duration of unemployment spells. 11 In 1.3% of cases, we are unable to assign a local unemployment rate to an individual, either because we do not observe a place of residence or because there is no information on local unemployment available. 12 We improve on their specifications, however, by adding interactions between all years, Y, and indicators for health and skills, and also interactions between all regions, R, and indicators for health and skills. 13 The equations do not include the main effect of A since this would be perfectly multicollinear with the set of interactions between A and Y (or with the set of interactions between A and R). 14 The disadvantage of using region effects and their interactions is that precision may become smaller, since our regressions in effect compare outcomes within regions, where only five time points are observed. We therefore also run regressions where regions are not accounted for. 15 Bennmarker et al. (2007) documented that the median unemployment spell in Sweden is about 13 weeks. Spells may, however, not only end because individuals find employment but also because they decide to leave the labor market. 16 As noted, we have clustered standard errors at the regional level. Clustering at the individual level generates smaller standard errors and the main effects of unemployment then also become statistically significant. 17 Another option is to depart from our main specification by adding region-specific linear trends. For example, the treatment of sickly individuals may vary over time within a region. The inclusion of these trends makes little difference for our results. 18 SEK 100,000 corresponds to about USD 10,100 if converting using the OECD exchange rate for private consumption. Antelius and Björklund (2000) have shown that if one uses a threshold of SEK 100,000 when estimating the return to schooling based on Swedish tax records, one obtains a result that closely resembles the one obtained when analyzing real wages per hour. Thus, by not counting individuals with an income of less than SEK 100,000 as employed we are likely to exclude many individuals that work less than full time throughout a year. 19 Since we need information on the region of residence 2 years ahead in time when running these regressions, we have to exclude observations from 2007. 20 On the other hand, the disadvantage of not accounting for region effects is that mobility patterns may differ between regions in a way that is just correlated with unemployment. Mobility may also respond to unemployment with a lead or a lag of several years, but this is less of a problem when employing our main identification strategy since we consider contemporaneous effects of unemployment variations. 21 Specifically, our data includes occupational identifiers obtained from Statistics Sweden in 2003, 2005, and 2007 . These data are not always updated yearly, however, so they should not be seen as referring to specific year. We use data on occupation from 2003 when this is available, otherwise we use data from 2005, and if this is also not available we use data from 2007. For about 8% of all individuals there is no data on occupation available for any of these years. Rather than dropping these individuals, we treat them as belonging to one and the same occupational category. 22 For computational reasons, we do not include interactions between occupation and region effects. 23 Note that this table does not include the main effect of the unemployment rate since this would depend on the arbitrary choice of what (interaction between the unemployment rate and) occupational category is excluded.
